This study examines the effects of organizational attention on technological search in the multibusiness firm. We argue that attentional specialization and coupling, or (respectively) attention given to problems within and across units, affect a unit's ability to engage in distant and local search by shaping how problems are perceived and addressed. We test this theory by applying a probabilistic topic model to all Motorola patents issued from 1974 to 1997, thus identifying and measuring attention to technical problems. Our results suggest that (a) subunits with specialized attention are not myopic but instead explore broadly and (b) tight attentional coupling across units increases the breadth of search. This study contributes to attention-based views of the firm and to studies on organizational design and search.
Organizational search has long been viewed as AU:2 a critical aspect of the organizational learning process through which firms attempt to solve problems and adapt to a changing environment (Argote & Miron-Spektor, 2011; Cyert & March, 1963; Fleming & Sorenson, 2001; Huber, 1991) . Research has identified two types of search: local and distant (March, 1991; Nerkar & Roberts, 2004) . When firms engage in local search, they rely on knowledge that is closely related to their preexisting knowledge bases (Gavetti, Greve, Levinthal, & Ocasio, 2012; Helfat, 1994; Martin & Mitchell, 1998; Stuart & Podolny, 1996) . In contrast, distant search reflects an intentional effort to move away from current capabilities and to access knowledge that is novel and either outside or across organizational boundaries (Katila, 2002; March, 1991; Rosenkopf & Nerkar, 2001) . Distant search is difficult because firms normally search in familiar and proximate areas, where they can rely on their own experience and routines for guidance (Nelson & Winter, 1982) . Yet the search for new technologies is a critical process for the renewal and success of organizations, especially for firms in fast-paced or highly competitive industries (Brown & Eisenhardt, 1995) .
Attention-based theories hold that firms' attentional structure plays a critical role in organizational search activities (March & Olsen, 1976; Ocasio, 1997) . The central idea of this research is that organizational attention to particular problems and opportunities may drive decision makers to allocate relevant effort and resources to devising solutions where their attention resides (Ocasio & Joseph, 2005; Rerup, 2009; Sullivan, 2010) . Within complex organizations, attentional processes that support search activities may be particularly important because of the structural allocation of attention into particular groups, functions, or divisions . So for multidivisional (M-form) firms, the challenge of shaping search behavior involves regulating the focus of attention within and across structurally differentiated subunits (Joseph & Ocasio, 2012; Rerup, 2009 ) À that is, the processes of attentional specialization and attentional coupling.
There have been appeals for more research in this area Gavetti, Levinthal, & Ocasio, 2007; Ocasio, 2011) ; even so, not much is known about how the structure of attention in an M-form firm affects the direction and balance of technological search. Extant research on the behavioral outcomes of attention allocation offers mixed results. One strand of research has lauded the benefits of attention specialization (Zollo & Winter, 2002) , whereby firms focus on a limited number of problems and can therefore respond quickly to new feedback information (Baumann & Siggelkow, 2013) . At the same time, specialization can increase the potential for myopic search at the expense of the overall firm (Levinthal & March, 1993; Zollo & Reuer, 2010) . Research has also emphasized the benefits of tight coupling À in other words, shared attention to similar issues (Bouquet & Birkinshaw, 2008; Gaba & Joseph, 2013; Joseph & Ocasio, 2012; Rerup, 2009) . For example, it has been shown that shared attention within and across levels of a corporate hierarchy can increase the speed and accuracy of identifying new problems (Rerup, 2009 ) and also increase the rate of finding solutions (Gaba & Joseph, 2013) . However, establishing tight coupling requires linkages and complex interactions between units. The result may be increased coordination costs (Grant, 1996) and reduced reliability of information, which would hamper search activities that are more distant (Martin & Mitchell, 1998) .
In short, we have little clarity on the central question of this research: How does the structure of attention to problems within and between the business units of a multidivisional corporation affect their capacity to search? Our central proposition is that attentional specialization and coupling have important implications for search within large vertical hierarchies: the former because, when fewer problems are attended to, managers can engage with more unique problems and so become less likely to formalize or routinize behavior, thereby enabling search for more novel solutions; the latter because shared attention across units facilitates learning and provides a greater diversity of perspectives on a given set of problems.
This study relies on an analysis of patenting behavior and attention to technical problems within and across business units at Motorola over a 23-year period. Many studies have used patenting activity as a proxy for organizational search behavior (Carnabuci & Operti, 2013; Fleming, 2001; Katila, 2002; Katila & Ahuja, 2002; Sørensen & Stuart, 2000; Stuart & Podolny, 1996) ; the main reason is that a firm's patents reliably document its technological search trail (Jaffe, Trajtenberg, & Henderson, 1993) . Thus, examining a firm's patenting activity allows one to assess the extent to which organizational search activity is driven by the distribution of attention within and across business units À our central research question.
Our research makes three contributions to the literature. First, we offer insight into the cognitive determinants of organizational search. We provide a new perspective on the costs and benefits of attentional specialization and coupling in the multibusiness firm by highlighting how these aspects of attention affect search by organizational subunits. Second, we contribute to the literature on organizational design by developing two novel measurements for attentional structure, metrics that use information about the actual technological problems faced by business units to develop a representation of organizational attention. Finally, we offer insights on adaptation by the multibusiness firm; we consider in particular the evolution of attentional structure and its capacity to aid and constrain firm adaptation through distant search.
ATTENTIONAL STRUCTURE IN THE MULTIBUSINESS FIRM
The attention-based view (ABV) of the firm adopts, as its central focus, the problems to which organizations attend (Ocasio, 1997) . Attention is defined as "the noticing, encoding, interpreting and focusing of time and effort by organizational decision makers on both (a) issues: the available repertoire of categories for making sense of the environment; and (b) answers: the available repertoire of action alternatives" (Ocasio, 1997, p. 189) . Issues (e.g., problems, opportunities) and answers together form the firm's agenda, which in turn shapes strategic behavior. These issues À or instances when the world's current state is perceived as being different from its expected or desired state À attract the attention of organizational decision makers (Lyles & Mitroff, 1980) . In an organization, attentional structure plays the role of determining whether and how this attention is allocated (Bouquet & Birkinshaw, 2008; Joseph & Ocasio, 2012; March & Olsen, 1976; Rerup, 2009) . The structure of attention to problems is especially important because the problems to which organizations attend lend impetus to strategic decision making (Mintzberg, Raisinghani, & Theoret, 1976; and must be evident before managerial activity can be properly directed toward finding solutions (Kiesler & Sproull, 1982) .
From an attentional perspective, structural divisionalization creates specialized decision-making contexts and focuses attention on different problems (Gaba & Joseph, 2013) . In a multibusiness firm, then, the distribution of attention is not uniform and the relevance of particular problems in the external environment varies according to the structural position of decision makers within the hierarchy (Ocasio, 1997) . Specifically, both the within-unit specialization in and the cross-unit attention to particular problems may have important implications for the technological search of organizations. Attentional specialization is based on the notion that attention is a limited organizational resource (Argote & Greve, 2007; Cyert & March, 1963; Simon, 1947) and reflects the division of attention, within an organizational unit, among a number of problems (Joseph & Ocasio, 2012; Rerup, 2009) . Attentional coupling refers to the degree to which business units focus on a common set of problems (Dutton & Ashford, 1993; Joseph & Ocasio, 2012; Rerup, 2009 ) and captures the extent of cognitive similarity between business units. In what follows, we explore the search implications of these two dimensions of attentional structure.
Attention Specialization and Technological Search
In our study, attention specialization refers to the allocation of attention to problems within a unit during some period of time. Business units may attend to many different problems or specialize in relatively few as a function of several factors in the internal and external environment. The major drivers of attention to technical problems in the mobile device industry are likely related to the development of particular technologies by competitors and/or to the demands of carriers such as AT&T and British Telecom. For example, problems faced by key customers (carriers) would become focal problems for the handset manufacturers attempting to solve technical problems on their behalf.
Greater specialization reflects the narrower focus of a unit on a fewer number of problems, which has implications for search behavior. First, when fewer problems are examined by a business unit, it is more likely that any single problem will be interpreted as unique. Greater novelty in problems may well add to the variety of problem-solving approaches undertaken by the unit and might also increase exploratory AU:3 behavior (Ahuja & Morris Lampert, 2001) . As the number of problems grows, similarities among them will likely arise. Decision makers can then regroup those problems into meaningful clusters (Salvato, 2009 ) and thereafter encode them in terms of familiar categories (Levinthal & Rerup, 2006) . Hence decision makers will be more likely to rely on familiar technological solutions when addressing problems.
Second, as the number of problems increases, so too does the unit's attention load (Castellaneta & Zollo, 2014; Cohen, March, & Olsen, 1972; Rerup, 2009 ). Under such conditions, it may be necessary for the firm to economize on decision makers' limited attention capacity (Ocasio, 1997; Simon, 1947) by implementing new structures and routines to increase AU:4 its ability to process additional stimuli (Castellaneta & Zollo, 2014; Davis, Eisenhardt, & Bingham, 2009; Levitt & March, 1988; Shapira, 1994; Sullivan, 2010) . For example, the firm may create new roles, rules, or subunits to deal more efficiently with a large number of problems (Burns & Stalker, 1961 ) and accordingly may formalize or routinize problem-solving behavior. Yet even though formalization and routinization help manage attention (Rerup & Feldman, 2011; Weick & Sutcliffe, 2006) , they can also become a basis for path dependency (Feldman & Pentland, 2003; Nelson & Winter, 1982) and thus limit firm flexibility (Martin & Eisenhardt, 2010; Miller & Friesen, 1980; Siggelkow, 2001) . Under these conditions, the firm relies more heavily on familiar technology domains (Leonard-Barton, 1992) and so may inhibit the development of new approaches to solving problems (Fiol & Lyles, 1985) . These considerations lead to our first two hypotheses.
Hypothesis 1. If attentional specialization within a business unit increases, then the unit will exploit existing knowledge less (i.e., decrease its search depth).
Hypothesis 2. If attentional specialization within a business unit increases, then the unit will explore new knowledge more (i.e., increase its search scope).
Attentional Coupling and Technological Search
In a multibusiness organization, especially one viewed as a "related diversifier" (Rumelt, 1974) , there may be similar and overlapping foci of attention across business units. Hence attentional specialization is insufficient to characterize a firm's attentional structure; we must also consider the search implications of shared attention to similar problems between units.
Attentional coupling reflects the pattern of attention that emerges from the interactions that occur within channels that span organizational units (Ocasio & Joseph, 2005) . These interactions create a shared dialogue and information exchange while simultaneously improving coordination (Clark & Fujimoto, 1987) . Coupling may also reflect similar attention patterns in the absence of explicit communication. For example, organizational goals or informal decision premises may provide a means to integrate otherwise disparate organizational units and thereby ensure that the decisions made are mutually reinforcing (Gavetti, 2005; Gavetti & Levinthal, 2000; Gulati, Puranam, & Tushman, 2012) despite the lack of direct contact between units.
Shared attention to similar problems may shape the way in which those problems are interpreted and addressed. Responding to problems is a cognitive process that involves an actor's ability to construct meaning for À or assign meaning to À the problem (Kiesler & Sproull, 1982; Lyles & Mitroff, 1980; Mintzberg et al., 1976) . Different divisions within the same organization may construct radically different interpretations of the same problems (Leonardelli, Pickett, Joseph, & Hess, 2011) owing to the variety of professional experiences, backgrounds, and affiliations of their respective managers (Cho & Hambrick, 2006; Hambrick & Mason, 1984) . Through attentional coupling, exposure to new and more diverse interpretations of any particular problem may frame the problem in a new light for the focal unit and broaden its apprehension of possible solutions.
At the same time, tight coupling may also help business units respond with a broader range of technologies. Problems that span business units are likely to require not only more novel problem-solving approaches but also the incorporation of knowledge from the respective units. Accessing this knowledge is useful in that it leads to more novel combinations of components À that is, from the different units .
For example, Motorola's Land Mobile, General Systems, and Semiconductor sectors had (on average) the highest levels of attentional coupling. These units shared attention to similar problems, such as signal amplification, antenna reception, and battery consumption. The close relationship between General Systems and Land Mobile was a result of Motorola's corporate history: the former business unit started as a small division within the latter, and the two were split apart in 1985. The Semiconductor unit's tight coupling with Land Mobile and with General Systems reflected their vertical supply chain relationship. The shared attention among these organizational units provided a foundation for the units to explore new domains of knowledge individually and together, such as technologies designed to improve key subsystems (e.g., power, display) on portable electronic devices.
Overall, this evidence suggests that tight coupling is likely to shift the balance of search from exploitative to explorative activities. We thus have our next two hypotheses.
Hypothesis 3. If attentional coupling between business units increases, then they will explore a greater amount of new knowledge (i.e., increase their search scope).
Hypothesis 4. If attentional coupling between business units increases, then they will exploit existing knowledge less (i.e., decrease their search depth).
METHODS

Research Setting
This study is a longitudinal analysis of Motorola, the attentional patterns within and across its business units, and the nature of its search activities from 1974 to 1997. Because it has often been in the vanguard of new technologies, Motorola is an ideal setting in which to examine the allocation of managerial attention to search. For much of its life, Motorola featured a multidivisional structure and comprised multiple major business units that each developed telecommunications-related technologies: Land Mobile produced two-way radio equipment for enterprise and government customers, while General Services produced cellular telephones, infrastructure, and satellite-based communication technologies; Government produced communications technologies for government and military purposes, and Automotive produced communications technologies both for original equipment manufacturers and for aftermarket retail. The Semiconductor unit was a major manufacturer and created products such as microprocessors, microcontrollers, digital signal processors and controllers, sensors, and integrated chips; Information Systems produced radio-frequency identification and software technologies, and Paging produced portable paging products.
Each unit faced unique challenges and industry pressures. Yet it is advantageous for our purposes that, as a whole, the telecommunications sector is a high-velocity industry characterized by first-mover advantages and rapid product innovation (Eisenhardt & Tabrizi, 1995) ; these characteristics explain the importance of innovation and search to Motorola's business. Moreover, this single-firm setting allows for variation in the conditions of interest (i.e., attentional specialization and coupling) while controlling for common firm factors and ensuring that the firm's broad technological domain (here, telecommunications) varies little over time. Finally, during the period of study, Motorola utilized advanced technology lab groups (i.e., labs associated with the respective business units) rather than a centralized research and development (R&D) organization; this fact helps ensure that it is the characteristics of business units' attention, and not the corporate R&D structure, driving our hypothesized effects.
Sample
The sample covers all seven of Motorola's business units for the period 1974À1997, an era during which Motorola was instrumental in developing many key technologies in communications. We obtained our list of Motorola patents from National Bureau of Economic Research (NBER) patent data (Hall, Jaffe, & Trajtenberg, 2001) ; we then used the patent numbers so derived to scrape our corpus of patent backgrounds directly from the US Patent and Trademark Office (USPTO) website using the "BeautifulSoup" package in Python. 1 We used Compustat to collect selected Motorola financial data. The data are analyzed by business-unit (BU) year, resulting in 117 BU-year observations. Table 1 gives the summary statistics and correlations for all variables in our sample. We remark that some of the business units were not in existence throughout the entire observation period; for instance, Paging does not exist as a separate entity until 1990.
Dependent Variables: Search Scope and Depth
Our dependent variable is technological search, which we measure using patent data. Embedded in patents are both a technical problem and a solution to that problem (Walker, 1995) , by which we mean patent data provides a detailed and consistent chronology of how firms solve problems À that is, of how they search. A number of studies have used patent data as an indicator of search activity (Katila, 2002; Rosenkopf & Nerkar, 2001; Stuart & Podolny, 1996) . In formulating our measures of technological search, we followed the methodology used in Katila and Ahuja (2002) . They calculate search scope, which captures the "theoretical notion of exploration of new knowledge," by examining the proportion of previously unused citations in a firm's focal year's list of citations. Katila and Ahuja also calculate a measure of search depth, a metric for exploitative search that describes "the accumulation of search experience with the same knowledge elements"; it is calculated as the ratio of repetitions in citations within a unit to the total number of citations in the unit. Prior research has indicated that knowledge depreciates rapidly in high-technology organizations (Argote, 1999) , so in constructing these measures we consider only the previous five years' lists of citations. Because we focus on search behavior within Motorola, the measures are constructed at the business-unit level. Our measures therefore capture both a BU's exploration of new knowledge and its exploitation of existing knowledge.
Owing to the decentralized and geographically dispersed nature of Motorola's R&D organization, we could assign patents to their primary business unit by using the location of the first inventor listed on the patent along with the subclass to which the patent pertained. We used NBER (Hall et al., 2001 ) to link 81,023 citations to Motorola's patents during our sample period.
Topic Modeling: Text as a Measure of Attention to Technological Problems
The key independent variables of interest for our analysis are the degree to which attention to technological problems is focused within business units (attentional specialization) and shared between business units (attentional coupling). To generate our measures of attention, we rely upon probabilistic topic modeling (Blei, 2012) , an unsupervised text-analysis tool that infers a set of topics under which a group of documents' contents can be organized. Our corpus consists of 12,787 patent backgrounds obtained from the USPTO website. These include all patent backgrounds available digitally from 1967 to 1999, so they constitute a superset of all patents used in the citation analysis. Because we rely on patents to develop our understanding of the attention paid to particular problems over time, we must limit our study to only those technological problems for which patenting is a viable response. We generate a topic model using the full set of patents during this time period; doing so illuminates the ongoing technological problems that Motorola faced prior to the window for our collecting of data on the other covariates.
A patent's background is the best representation of the technological problem that it addresses, so it is the patent's best component to examine if we are interested in managerial problem solving and attention. The patent background, according to the USPTO, should state both the "field of art to which the invention pertains" as well as "a description of the related art known to the applicant and including, if applicable, references to specific related art and problems involved in the prior art which are solved by the applicant's invention" (emphasis added). Fig. 1 reproduces part of the background for a typical semiconductor patent from our data set, and the technological problem addressed by the patent is clearly described. In addition, the terms (e.g., "battery charging") most determinative of the patent's classification are circled in the figure. We use the text mining ("tm") package in R to perform standard manipulations on our corpus, such as removing stop words (e.g., "the"), truncating words to their respective roots (e.g., "encryption" and "encrypting" to "encrypt"), and generating the document term matrix, which gives the count of each term appearing in each document. Our use of probabilistic topic models to characterize the content of patent data is a significant departure from the standard measures derived from citation counts or technological classes. After all, some researchers have expressed concern about the ability of patent classifications to reflect location in technological space (Benner & Waldfogel, 2008) , and work on patent citations has identified those classifications as but noisy reflections of actual knowledge flows (Alcacer & Gittelman, 2006; Roach & Cohen, 2013) . Kaplan and Vakili (2013) describe these limitations extensively; they also discuss the differences between topics generated from patent data versus information, such as technological class, that is already encoded within the patent.
The topic modeling approach that we use is based in the Bayesian technique of latent Dirichlet allocation (LDA). In keeping with conventional notation for such analyses, we use the language of text analysis. A word is the basic unit of discrete data and is part of a larger vocabulary À in our case, all words used in our corpus of patent backgrounds. Each document is a sequence of N words, and a corpus is a collection of documents. Topic modeling assumes that documents in the corpus are generated by the following process (Blei, Ng, & Jordan, 2003) :
2. Choose θ~Dir(α), where Dir(α) is a K-dimensional Dirichlet random variable. 3. For each of the N words in a document: b. Choose a word from the corresponding distribution over the vocabulary; thus, a word w n is chosen from P(w n | z n , β), a multinomial probability distribution conditioned on topic z n .
The terms K, α, and β are parameters in our topic model, where K is the number of topics. The parameter α is a topic-smoothing parameter that affects the shape of the Dirichlet distribution; a smaller value of α corresponds to documents being more likely to consist of only a few topics. The parameter β is a term-smoothing parameter for which a smaller value corresponds to topics being more likely to consist of only a few words.
We must compute the posterior distribution of the remaining variables, z and θ, in the preceding expressions; it is expressed as P(θ, z | w, α, β) = P (θ, z, w | α, β)/P(w | α, β). This distribution is intractable for purposes of exact inference (Dickey, 1983 ), so we must employ an approximate inference algorithm. We use a variational expectation maximization procedure to compute the per-word assignment distribution of topics (or themes) per document as well as a distribution of words per topic (for details, see Blei et al., 2003) .
LDA works by resolving two competing goals: (1) allocate each document to as few topics as possible; and (2) allocate each topic to as few terms as possible. Classifying a document under only a single topic compromises the second goal (since all words would have equal probability of occurring under that topic), and including only a few words in each topic results in a document requiring many topics to generate. We used the topic models package for R developed by Gru¨n and Hornik (2011) to implement LDA. In line with recommendations of the Stanford Topic Modeling Toolbox (Ramage, Rosen, Chuang, Manning, & McFarland, 2009 ), we use parameter estimates of 0.1 for both the alpha (topic-smoothing) and beta (termsmoothing) parameters. We set the value of K to 100, the number of topics in our corpus; this approach is consistent with Kaplan and Vakili (2013) and with the recommendations of scholars who use topic modeling to generate interpretable topics (Blei & Lafferty, 2007) .
All Motorola patents are assigned to the corporate office, so developing BU-level measures of structural attention required that we map each patent to a particular business unit. Unlike many organizations, in which R&D activities are organized at the corporate level, each business unit within Motorola maintained separate R&D facilities À what Motorola called advanced technology lab groups À during our observation period. We were therefore able to use the geographic location of the primary inventor to greatly facilitate this assignment of patent to R&D facility. Of patents issued during 1974À1997, 94% were generated by R&D facilities in Arizona (whose research was mainly for the firm's Government and Semiconductor units) or Illinois (mainly Land Mobile, Automotive, and General Services sectors). Patents generated in Florida (resp., Massachusetts) likely pertain to the Paging (resp., Information) units. In addition to following these geographic rules of thumb, we downloaded patent abstracts for all sample patents from the USPTO website before employing two research assistants who manually coded the mapping of patents to business units at each geographic location. Because many of these patents could have applications to multiple business units, we asked the coders to indicate uncertain cases (since some patents were highly technical) as well as potential affiliation to multiple business units. Our interrater agreement was 73%. We then reconciled all remaining disputed patentÀBU affiliations to generate our final coding. Altogether, we were able to code and find patent backgrounds for 7,629 patents during the period 1974À1997.
The results of applying the topic model to our set of patent backgrounds were compatible with our understanding of the ebb and flow of major technological issues faced by Motorola during the time period. Major topics map to such problems as transmitting sound wirelessly, providing adequate power to mobile devices, sending messages over telephony systems, improving cellular technologies, developing satellite communication technologies, and overcoming various barriers to create better semiconductor chips. Furthermore, the analysis allows us to map the changing importance of these topics over time. Topics that lost substantial ground tended to involve adequately resolved technological issues (e.g., the wireless transmission of sound) or lines of business that never gained traction (e.g., a topic pertaining to technologies used in Iridium, a failed satellite phone service). Topics that gained substantial traction were associated with the rise of mobile telephony in the "feature" phone era of the 1990s. For our analysis, we are not concerned with the particular technological problem per se, simply that it represents another avenue of technological inquiry and (dis)similarity between business units.
Attentional Specialization
We construct our measure of attentional specialization by counting the number of problem topics examined by the business unit's knowledge stock, which is assumed to cover five years (Argote, 1999) . We then reverse-code this count variable by subtracting all observations from the sample maximum (100) to create a measure in which higher values indicate greater specialization. Resource constraints being equal, we believe that our measure reflects the extent to which finite managerial attention must be allocated across a set of technological problems within a business unit (Argote & Greve, 2007; Greve, 2008) . To simplify the measure, we assume that each problem can only be either present or absent. The measure's maximum value is 100, the selected parameter k in our topic model, which is standard in the literature on topic modeling.
2 For units that are spun out of other units (e.g., General from Land Mobile in 1985), we consider topics examined in the parent unit when assessing whether a topic is present in the early stages of their lives.
Attentional Coupling
We use a measure of Euclidean distance to create a metric for attentional coupling. This approach captures the degree to which problems across business units are similar or different at any given time. We employ Euclidean distance because it has been used previously in the management literature to assess similarity across business units (Govindarajan, 1988) . 3 We calculate the position that each BU occupies in "wordspace" each year by using standard outputs from a probabilistic topic model.
The particular standard outputs are two matrices of interest. The first is a matrix that maps the loading of each word onto each particular topic. The topic model algorithm is designed to load as few unique, predictive words on as few clusters as possible (in the resulting "topicword" matrix). Our corpus contained over 12,000 unique words, which were used to generate 100 topics (this value is a parameter of the topic model; recall that it is standard). The dimensions of this matrix are therefore 100 × w, where w is the number of unique words in our corpus.
The second output is a matrix that contains the loading of each topic onto each individual patent within the data set (a "patent-topic" matrix). The dimensions of this matrix are p × 100, where p is the number of patents in our data set. The multiplication of the patent-topic and the topicword matrices generates a (p × w)-dimensional patent-word matrix; this matrix represents the loading of each word onto each patent, which is equivalent to the position of each patent in wordspace.
Because we have mapped patents not only to business units but also to patent application years, we can create a vector that characterizes the position (in wordspace) of each BU for each year in our sample by averaging all of the constituent patents for each BU year. 4 Once we have created these vectors, we can calculate the Euclidean distance between any two BU-year vectors as follows:
where bu1 and bu2 are different BU years and n is the number of terms in the corpus. This calculation enables us to determine how similar any BU year is to any other BU year, which in turn allows us to measure change in similarity over time as regards any two organizational units of interest. For this study, our aim was to use a simple measure of change when constructing an attentional coupling indicator.
Our attentional coupling measure assesses whether (and to what extent) a business unit's problems become, over time, more or less similar (on average) to the problems of other units. To capture this dynamic, we calculate the average distance between a focal BU and all other BUs in each year of our sample. We then construct a change measure each year by subtracting this average distance at time t from the average distance at time t − 1. For the ease of interpretation, we create a measure of similarity based on reversing this change measure by subtracting each observation from the sample maximum.
5 Thus, a positive number on this scale indicates that a BU has an attention pattern more closely resembling (i.e., is more tightly coupled to) other BUs than it did the previous year.
Our measure enables us to assess how similar the managerial attention paid to a set of problems faced by some BU at any period is to the set of problems faced by other Motorola BUs at any time. This measure of the degree to which the focus of attention is shared is our measure of attentional coupling. The values that result from using this metric make intuitive sense, since business units that create technologies of a more generalpurpose nature tend to be located more "centrally" than are units creating more specialized technologies. Fig. 2 is a two-dimensional representation of the distance matrix between different business units; the plots were created using multidimensional scaling in Stata (Borg & Groenen, 2005) . More specifically, Fig. 2 shows the degree to which business units within Motorola are coupled to each other at three separate times: 1975, 1985, and 1995 . The multidimensional scaling of the distance matrix in Fig. 2 nicely displays tight versus loose coupling; from an attentional perspective, Motorola clearly has both core and peripheral business units. These graphs illustrate our earlier report that the Land Mobile, General Systems, and Semiconductor business units had the highest levels of coupling whereas the Information, Government, and Automotive business units had the lowest. Controls controls yield some insight into alternative mechanisms that may be driving the emergence of new problems faced by Motorola's business units. These controls were motivated by our discussions with managers at Motorola, internal documentation, and relevant theoretical literature on technological development and managerial problem solving. In the model's specification we include business unit dummy variables to account for industry differences between Motorola's business units. Note that all time-varying covariates are lagged one year in the model. We use business unit sales in billions of dollars to proxy for the overall size of the business unit; hence we can distinguish the effects of attentional specialization and coupling from any effects due simply to changes in the business unit's size. We also control for firm sales in billions of dollars in order to control for the effects of overall firm size, such as organizational inertia . 6 We control for firm-level R&D, which could affect the intertemporal likelihood of examining new problem patterns; this variable reflects differences in R&D-related expertise and has been associated with firm growth (Cohen & Klepper, 1992) . This variable was calculated as an intensity measure, R&D spend divided by total sales (multiplied by 1,000 to aid interpretation). We also control for competitive intensity by including a weighted average of the number of competitors each business unit faces within its constituent groups' and divisions' fourdigit SIC codes.
We count the number of cross-citations between business units' patents as a way of controlling for the degree of technological interdependence between business units at any moment in time. Consistently with prior literature that has examined patent citations, we consider patents issued in a firm's previous five years to constitute its "knowledge base" (Katila & Ahuja, 2002) when calculating this count variable. The intuition here is that a business unit drawing more heavily on another BU's knowledge base is more technologically interdependent. As expected, BUs more distant from each other in Fig. 2 (e.g., Automobile and Information) as well as relatively more upstream units (e.g., semiconductors) engage in less cross-citation.
Empirical Specification
For the analysis, we shall employ a cross-sectional time-series (panel) data design. Because values of the dependent variables are bounded by 0 and 1, we conduct the analysis using a two-sided Tobit regression model (Long, 1997) . Tobit regression is appropriate in this case because the independent variables could predict both the probability and the extent of distant and local search. In order to account for the nonindependence of observations, we use a "robust cluster" estimator (White, 1980) of the standard errors and cluster by business unit. Table 2 reports the Tobit estimates of search scope and search depth for each of Motorola's business units during our observation period. All models include business-unit fixed effects to control for idiosyncratic differences among units. Each pair of models examines search depth and search scope, respectively. Models 1 and 2 include only the control variables' effects. Models 3 and 4 show the results for attention specialization and controls only, models 5 and 6 give the results for attentional coupling and controls only, and models 7 and 8 show the effects of all variables. Except in model 4, all explanatory variables contribute significantly (p < 0.05) to model fit.
RESULTS
Models 1 and 2 reveal that greater BU sales are significantly associated with a decrease in search depth yet with an increase in search scope. At the sample mean, a $1 million increase in BU sales is associated with a nearly 9% decrease in search depth and a 3% increase in search scope. To the extent that BU sales indicate an increase in resources, one might expect both the depth and scope of search to be increasing in BU-level resources. Yet it turns out that, during the time horizon of this study, scope and depth exhibit a high negative correlation (−0.89); the implication is that Motorola did face a strong trade-off between exploration and exploitation during this period in its history. In line with an inertia-type hypothesis, we find that overall firm size is associated with greater degrees of search depth and with lesser degrees of scope; this finding suggests that, as Motorola grew in size, it engaged in more local search. At sample mean values, a standarddeviation increase in firm sales is associated with a nearly 17% increase in search depth and a 7.5% decrease in search scope. The other associations we examine are quite weak, and none are significant at the p < 0.05 level. We display these associations regardless as a further indication of our findings' robustness to BU-level competition, fluctuations in corporate R&D spending policies, and interdependence in technological portfolios across business units. Model 3 and Model 4 show the effects of attentional specialization on (respectively) search depth and search scope. In line with Hypothesis 1, we find that an increase in attentional specialization (focus on fewer problems) reduces search depth. In particular, each additional problem examined within a business unit could reduce search depth by 0.7% À which could be a substantial decline in light of this variable's large standard deviation AU:5 (28). Although the sign of the relation between search scope and attention specialization is consistent with Hypothesis 2, we find no statistical support for the model that includes only specialization.
Models 5 and 6 show the effects of attentional coupling on search depth and scope, respectively. Consistent with Hypotheses 2 and 3, an increase in attentional coupling is found to be associated with a reduced depth of search but with a wider scope of search. A standard-deviation increase in attentional coupling is associated with (approximately) a 5% decrease in search depth and a 1.4% increase in search scope.
Models 7 and 8 replicate the intuition and signs of our results in models 3À6. Moreover, we find additional support for Hypothesis 2. Namely, the relationship between attention specialization and search scope is significant (p = 0.011) in the full model; this finding suggests that increased specialization increases search scope.
DISCUSSION AND CONCLUSIONS
This chapter examines the effects of attentional structure on the scope and depth of search in a large, innovation-centered, multibusiness firm. Making use of a novel topic modeling approach to identify the patterns of problem attention embedded in firm patent backgrounds, we find a trade-off between both attentional specialization and coupling on search scope and depth. Specifically, specialized unit attention to a more narrow set of problems increases search scope but reduces search depth; increased attentional coupling also increases search scope at the cost of depth. As a whole our results suggest that, if the aim is to broaden search within a firm, then units (a) should not be overburdened with problems and (b) should focus on problems that are similar to those of other units in the organization.
Our study makes several contributions. First, it contributes to the literature on ABVs of strategy (Barnett, 2008; Bouquet & Birkinshaw, 2008; Ocasio & Joseph, 2005; Rerup, 2009) . Although the performance outcomes of attentional structure have been explored elsewhere, we offer the first large-scale empirical study of attentional structure and thereby complement emerging qualitative work (e.g., Joseph & Ocasio, 2012; Rerup, 2009 ) and modeling work (e.g., Davis et al., 2009 ) on the subject. In particular, this chapter links the concepts of attention specialization and coupling to local/ distant search, thus establishing a relationship between attention to technical problems and technological search behavior in the multibusiness firm.
Second, by linking the attentional structure of an organization to technological search, our study contributes to the literature on organizational design. Rather than boxes and arrows, the results reported here highlight the importance of distributed cognition and attention patterns within an organization. This "cognitive structure" of the firm (Hutchins, 1995) may operate independently of the traditional levers (e.g., organizational structure) used by designers of organizations. We introduce a replicable methodology to measure attentional coupling and specialization via modern textanalytical tools, which constitutes the first empirical attempt to quantify shared attention across units. Research in cognition and strategy has increasingly examined how themes and relationships can be derived from text (see, e.g., Kaplan, 2011) , and our study is another early foray into the rich promise of these tools for organizational theorists. More specifically, our work adds the importance of cognitive similarity between business units to the stream of research devoted to examining BU relatedness (Rumelt, 1974) and how knowledge is shared between business units (Tsai, 2001) .
By extension, our study suggests that there may be an important relationship between attention and knowledge. We argue that attention to similar problems will enlighten the unit's interpretation of a given problem and broaden the knowledge used to develop technological solutions. It could be that units focusing on similar problems draw upon much different sources of knowledge or use the same body of knowledge to resolve very different issues. The context studied in this chapter did not offer much variation across the entire range of coupling and technological interdependence, which limited our ability to assess how search is affected by the interaction between attention and different patterns of drawing upon knowledge. That being said, further exploration of these conceptual relationships promises to be a fruitful avenue for future research.
Third, our study examines how allocation of attention within organizational subunits shapes adaptation in the form of search behaviors. Strategic adaptation is often constrained by cognition because the mental models of managers are, like routines, subject to inertial forces (Tripsas & Gavetti, 2000) . Hence linking attention specialization to organizational search is an important insight, suggesting counterintuitively that organizational specialization in attention patterns may actually decrease myopia (cf. Levinthal & March, 1993) . Thus our study offers a more nuanced understanding of the links between routinization and mindful choice (Winter, 1997) and of the ongoing theoretical debate over how best to link mindful and habitual perspectives on organizational learning (Gavetti & Levinthal, 2000; Rerup & Levinthal, 2006) .
In finding that organizations can arrive at broader solutions through multiple paths, we suggest that the concept of "equifinality" (Gresov & Drazin, 1997; ) may extend to the firm's cognitive structure. This is a unique contribution to the ABV, which has typically focused on either the importance of attention specialization (singular top management focus, as in Kaplan, 2008) or the need to link attention of different units (e.g., Rerup, 2009) . By integrating these two approaches, we show that both attentional mechanisms can operate simultaneously in an organization to generate performance benefits. A logical extension of this line of thought would be to study in more depth the relationship between specialization and coupling and their joint effect on search.
Our results also point to the study's limitations. We limit our study to one firm in the telecommunications industry and thus to the particular actions of Motorola. Although this setting facilitates a better understanding of the focal mechanisms by eliminating sources of cross-firm heterogeneity, a broader sample of firms would likely improve the generalizability of our findings. Note also that, during the period of study, Motorola underwent a dramatic period of growth; that growth could have affected the resources available for expanding attentional capacity and for investing in new technologies. Recall that Motorola during this period was typically at the leading edge of technologies in its industry; firms in other life-cycle stages or that pursue different strategies may exhibit different patterns. It is also important to recognize that, in large firms, attentional load may be handled by alternative means À for instance, by establishing ways to balance exploration and exploitation AU:6 . As other examples, research has shown that managers can change the organization's formal structure (Boumgarden, Nickerson, & Zenger, 2012) , shift or increase executives' attention (Ocasio & Wohlgezogen, 2010) and working memory (Laureiro-Martinez, 2014; Laureiro-Martı´nez, Brusoni, Canessa, & Zollo, 2014) , and shift the focus of top management (Lakhani, Lifshitz-Assaf, & Tushman, 2013) .
Finally, our study contributes to the research on innovation in complex systems. A wide range of work has recognized the trade-offs between modularity and integration within complex organizations. Fleming and Sorenson (2001) show that intermediate levels of modularity tend to produce the most useful inventions; similarly, Ethiraj and Levinthal (2004) demonstrate the benefits of avoiding excessive modularization or integration. Our attentional mechanisms find advantage in greater coupling. We move the conversation from direct interactions to a shared attention to problems, which is consistent with the notion that common ground is beneficial for coordinated action (Puranam, Singh, & Chaudhuri, 2009 ). We link this shared attention, which includes the organization's attentional structure, to its formal structure À thus answering the "neo-Carnegie" call for greater integration between theories of cognition and decision making (Gavetti et al., 2007) . We develop a theory that links organizational attention to search. In examining the concepts of attention specialization and coupling, we put into sharper relief the roles played by innovation and attention in the multibusiness firm.
NOTES
1. The usage and relevance of patent backgrounds in particular is explained in the section "Topic modeling," to follow.
2. Units might demonstrate similar levels of specialization yet rely on different knowledge bases. Nonetheless, the firms in our sample that were highly specialized tended to cite external patents more frequently than to cite knowledge developed in other parts of the firm. Relatively unspecialized units were more heterogeneous in terms of their patents' citation patterns (i.e., use of internal vs. external knowledge).
3. An extensive literature in computer science discusses the use of Euclidean and alternative distance measures in the context of assessing similarity. Qian, Sural, Gu, and Pramanik (2004) compare different distance-type calculations and find that, when dimensionality is high (i.e., more than 100 dimensions), cosine similarity and Euclidean distance are reasonable approximations of each other. The wordÀBU matrix has more than 10,000 dimensions, so this condition is easily met.
4. One could construct a similar vector using each patent's loading of topics, but that vector would not reflect the degree to which particular topics are more or less distant.
5. Using the distance measure preserves our findings except that the signs are reversed.
6. Regression results for key explanatory variables continue to hold when firm size is either omitted entirely or replaced with some other measure (e.g., revenue).
